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Abstract

The body of knowledge surrounding infrared spectral analysis of drug mixtures con-

tinues to grow alongside the physical expansion of drug checking services. Techni-

cians trained in the analysis of spectroscopic data are essential for reasons that go

beyond the accuracy of the analytical results. Significant barriers faced by people

who use drugs in engaging with drug checking services include the speed and accu-

racy of the results, and the availability and accessibility of the service. These barriers

can be overcome by the automation of interpretations. A random forest model for

the detection of two compounds, MDA and fluorofentanyl, was trained and opti-

mized with drug samples acquired at a community drug checking site. This resulted in

a 79% true positive and 100% true negative rate for MDA, and 61% true positive and

97% true negative rate for fluorofentanyl. The trained models were applied to

selected drug samples to demonstrate a proposed workflow for interpreting and vali-

dating model predictions. The detection of MDA was demonstrated on three mix-

tures: (1) MDMA and MDA, (2) MDA and dimethylsulfone, and (3) fentanyl, etizolam,

and benzocaine. The classification of fluorofentanyl was applied to a drug mixture

containing fentanyl, fluorofentanyl, 4-anilino-N-phenethylpiperidine, caffeine, and

mannitol. Feature importance was calculated using shapely additive explanations to

better explain the model predictions and k-nearest neighbors was used for visual

comparison to labelled training data. This is a step toward building appropriate trust

in computer-assisted interpretations in order to promote their use in a harm

reduction context.

K E YWORD S
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1 | INTRODUCTION

Recently the term “drug checking technician” has emerged. This term

typically refers to people who are trained to perform drug analysis

using a range of on-site methods and instruments, such as Fourier

transform infrared (FTIR) spectrometers, colorimetric reagent testing,

and immunoassay and test strips, and consolidate information to

make conclusions about the substance composition.1,2 The number
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of drug checking technicians is rapidly multiplying as drug checking

services expand both in the community, safe consumption sites, and

at festivals.2–4 Within communities where testing is done with FTIR,

knowledge surrounding the spectral analysis of common drug mix-

tures within the field continues to grow alongside this expansion.

Technicians learn the spectral patterns to look for when testing

common drug mixtures, usually with the help of spectral libraries and

software. For example, detecting a low concentration of fentanyl in a

mixture of bulking agents (commonly referred to as cuts and buffs) is

typically challenging for any basic library searching scheme. However,

a trained drug checking technician can immediately recognize areas

in the spectrum where fentanyl has minimal overlap with the cutting

agents (e.g. caffeine or mannitol), manually find evidence of fentanyl

in the spectrum, and consider the findings along with contextual

evidence (e.g., suspected substance, appearance, and anecdotal

evidence if the substance has been used). At the same time, there is

concern that this level of subjective interpretation in analyzing FTIR

spectra may lead to misleading results.5 Such complexity is recog-

nized as a significant barrier to implementing drug checking services,

and indirectly affects aspects such as speed, accuracy, availability,

and accessibility of drug checking.6,7 These areas (speed, accuracy,

etc.) have been recognized as significant factors affecting the willing-

ness of people who use drugs (PWUD) to engage with drug check-

ing.7 It is acknowledged that current drug checking technologies,

including the associated software for data analysis and interpretation,

are still under development.6

Many of the advantages, and challenges, of drug checking with

FTIR are inherent to the hardware and underlying technology

(e.g., ease-of-use, non-destructive, limited capabilities for low concen-

tration components, and complex mixtures).1,8 However, some areas

of the implementation, particularly in the interpretation of the IR

spectra, could possibly be improved through software. Machine learn-

ing (ML) broadly refers to a group of algorithms that reveal patterns in

a set of data, connects those patterns to a meaningful result, and uses

that relationship to predict future unknown data.9 ML has been used

for guiding spectroscopic interpretation for many years and the litera-

ture is rich with examples, methods, and proposed workflows.9–13 For

example, automation can speed up spectral analysis, alleviate the

requirement of an experienced technician, and can offer a greater

degree of consistency, accuracy, and precision in the reported results.

However, common barriers to implementing ML include the require-

ment of a large quantity of high-quality data with known labels for

building ML models, time and expertise required for the testing and

implementation of such models, and protocols for on-going validation.

Applying ML to drug checking faces additional barriers, namely,

obtaining exemptions for controlled substances, and coordinating off-

site confirmatory testing.

Despite the many advances in ML for spectroscopic

interpretation, as well as the growing body of past drug checking data

(e.g., IR spectra with associated interpretations/labels), spectroscopy-

based drug checking has surprisingly not been fully automated. To

date, most drug checking services rely on a human decision-maker

(i.e., drug checking technician or harm reduction worker) for the

spectral interpretation and final result,1,5,14 even in cases where ML

models exist to support that interpretation (e.g., quantification of

fentanyl15). Complete automation risks the exclusion of experiential

community knowledge, and the erasure of opportunities for the co-

production of knowledge that combines technology and this experien-

tial knowledge.6,16 For instance, higher levels of satisfaction have

been associated with drug checking services that operate in the

contexts of clear communications and transparency.4 Curiosity in the

instruments and analytical process used in drug checking has also

been noted to drive engagement of PWUD with drug checking ser-

vice.16,17 Overall, these studies motivate the consideration of contex-

tual information and the value of curiosity when developing tools to

aid in spectral interpretation.

Explainable artificial intelligence (XAI) guides explanations of

predictions provided by ML models, and explores methods to pre-

sent such explanations (e.g., visualizations, text, and interactive

tools).18–22 Some methods include exposing feature importance, that

is, what part of the input was most influential in the prediction, and

presenting “learn-by-example” cases. For example, technicians famil-

iar with the relationship between spectral features and the presence

or absence of certain compounds want to see such evidence. XAI

also addresses the trust in and transparency of ML models.21,23 In

general, the pursuit of model explanations is motivated by three

main purposes: model validation, model debugging, and knowledge

discovery.23,24

This work uses a supervised machine learning algorithm trained

on IR spectral data with associated paper spray mass spectrometry

(PS-MS) results to predict the presence of target compounds in

unknown samples. XAI methods that expose the reasoning behind

classification decisions are presented to (a) connect with current

practices for interpreting drug checking data, (b) allow for on-going

human-in-the-loop interference for improvements and quality assur-

ance of ML models, and (c) promote continuous knowledge produc-

tion within drug checking services both for technicians and people

engaging with the service.

2 | METHODS

2.1 | Data acquisition

Infrared spectra (n = 7091) used in this study were acquired between

November 2020 and November 2022 through our service, Substance,

the Vancouver Island Drug Checking Project,25 located in Victoria,

British Columbia. A portable FTIR with a 45� diamond ATR element

(Agilent 4500a) was used. Spectra were acquired with 32 averages

and an effective resolution of 4 cm�1. Samples are received in various

forms, with majority of substances tested as powders. This subset of

IR spectra was chosen for building and evaluating classification

models such that the same drug sample was also analyzed using

paper spray mass spectrometry (PS-MS), for its ability to more

unambiguously report on the presence or absence of particular trace

actives.26–28 Details of the PS-MS method as used for drug checking,
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including providing quantitative information, has been previously

described in detail.26,27,29,30 The overall composition for each sample

was ultimately determined through IR analysis performed by a trained

technician, using tools such as library matching, together with PS-MS

in a point-of-care setting. It is noted that some of the components

may be missed when they are below the LOD of IR-based methods,

and not distinguishable on PS-MS.

2.2 | Random forest (RF)

An RF classifier was used for binary classification. RF is an ensemble

(voting) classifier that uses a series of classification trees, each built

on a random subset of input features. The RF classifiers were imple-

mented using the scikit-learn package in python.31 Various combina-

tions of preprocessing and hyperparameters were first explored

using 3-fold cross validation. A random search cross validation

procedure, implemented using scikit-learn, was used for the initial

narrowing of the optimal preprocessing and hyperparameter space to

further pursue with more comprehensive optimizations. The F1

score, a harmonic mean of the precision and recall, was used to eval-

uate these combinations. For the MDA model, a more comprehen-

sive grid of hyperparameters was pursued using standard normal

variate (SNV) preprocessing to maximize the F1 score. Similarly, the

fluorofentanyl model was further optimized to maximize the F1 score

during cross validation using min-max and second derivative spectral

preprocessing. The grid of hyperparameters and preprocessing, as

well as the performance metrics for both models, are shown in

Tables S1–S4. To simplify the model, a subset of the most important

features, as calculated by the Gini index, was used to achieve similar

performance with the RF. n = 100 and n = 20 features were chosen

for the MDA and fluorofentanyl model, respectively, and these

models were used for validation and additional analysis of selected

drug mixtures.

2.3 | K-nearest neighbors (KNN)

KNN32 was used to find the closest matching spectra to generate

examples for visualization purposes. Two models, one for positive

samples and one for negative samples, were built with the respective

training spectra. All spectra were preprocessed and truncated accord-

ing to the optimized RF classification model. KNN was implemented

using scikit-learn where n_neighbors = 2 and metric = “euclidean.”31

2.4 | Shapely additive explanations (SHAP)

The SHAP method was used to estimate the contribution of each

input feature to the final prediction, therefore attempting to generate

an explanation to an end-user regarding the model decision.23,33 For

our models, Kernel SHAP was implemented, a popular model-agnostic

method, via the python package shap.23,33

2.5 | Sample selection

Two different target compounds were selected for building

two classification models. The first model aimed to detect

3,4-methylenedioxyamphetamine (MDA), and the second was based

on fluorofentanyl detection. These compounds were chosen based on

their prevalence in and relevance to the local drug supply, and the fact

that they represent simple (MDA) and more challenging

(fluorofentanyl) classification problems. Furthermore, they have differ-

ent potencies, with MDA usually appearing in high concentrations

(or pure form) and fluorofentanyl typically being significantly cut. The

MDA classification model was trained with IR absorption spectra of

drug samples received at the drug checking service (n = 4963). Each

spectrum was labeled based on whether it represented a sample with

or without MDA as 0 (not present/“negative,” n = 4804) or

1 (present/“positive” n = 159), as previously determined by PS–MS,

regardless of the other compounds present in the sample.

For example, if a drug sample was determined to contain both

3,4-methylenedioxymethamphetamine (MDMA) and MDA through

secondary testing with PS–MS, then it is labelled as “1.” An external

test set (n = 2060 without MDA and n = 68 with MDA) was used for

validating the final, optimized classification model. Similarly, the RF

model to detect fluorofentanyl was trained with a subset of IR spectra

of samples determined to be within the category of opioid or “down,”
received at the drug checking service (n = 2575). Each sample was

labeled based on whether it represented a sample with or

without fluorofentanyl as 0 (not present/“negative,” n = 2202) or

1 (present/“positive,” n = 373), as previously determined by PS–MS,

regardless of the other compounds present in the sample. Although

MS is unable to differentiate between fluorofentanyl isomers, the

IR spectral features were consistent with para-fluorofentanyl,

hereafter referred to simply as fluorofentanyl. An external test set

(n = 551 without fluorofentanyl and n = 93 with fluorofentanyl) was

used to validate the trained model.

For the application of XAI methods KNN and SHAP, three test

mixtures were chosen for prediction with the trained MDA model,

representing the cases of correct positive prediction (5% MDA by

weight in MDMA), incorrect negative prediction (54% MDA in

dimethylsulfone), and correct negative prediction (an opioid mixture

containing fentanyl, benzocaine, and etizolam). For the fluorofentanyl

example, a correct positive prediction (6% fluorofentanyl in a mixture

containing fentanyl HCl, 4-anilino-N-phenethylpiperidine commonly

known as ANPP, caffeine, and mannitol) was chosen as an opportunity

to demonstrate the ability of XAI to highlight subtle spectral features

that have contributed to classification.

3 | RESULTS AND DISCUSSION

3.1 | Model performance and optimization

The initial optimization of the RF model to detect MDA is illustrated

in Figure 1a, where the color of the grid relates to the F1 score of

GOZDZIALSKI ET AL. 85

 19427611, 2024, 1, D
ow

nloaded from
 https://analyticalsciencejournals.onlinelibrary.w

iley.com
/doi/10.1002/dta.3520 by U

niversity O
f V

ictoria M
earns, W

iley O
nline L

ibrary on [27/02/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



cross validation. The lowest F1 score of cross validation was calcu-

lated to be 0.79 with no preprocessing and the highest F1 score

was calculated to be 0.86 with min-max normalization and second

derivative preprocessing. SNV preprocessing was chosen, however,

as the preprocessing of choice with a similarly high F1 score of

cross validation (0.85). This decision was made because spectra with

less alteration are more likely to align with technicians' understand-

ing of IR absorption and ultimately contribute to the interpretability

of the model and post-hoc visualizations. To understand the model's

decision-making process in a general, or “global,” sense the most

influential features as determined by the Gini index of the RF model

are calculated and shown in Figure 1b. The most important features

align well with strong modes shown in the library entry for MDA,

which is overlaid in gray. The final classification model used in sub-

sequent analysis uses the top 100 most important features, discard-

ing features with minimal influence on the prediction of MDA

(Figure 1c). The resulting confusion matrix for the validation set is

shown in Figure 2a. The precision was calculated on the external

test set as 100% and the recall was determined to be 81%. The F1

score was calculated to be 0.9. The receiver operating characteristic

(ROC) curve for the external test set is presented in Figure 2b. The

area under the curve, which can be derived from the ROC, is a

general performance measurement of how well two classes can be

separated on a scale from 0 to 1. Here, an area under the ROC

(AUROC) of 0.99 was obtained which demonstrates that there is

excellent distinction between samples with MDA and samples

without MDA.

In optimizing the second RF model for fluorofentanyl detection

(Figure 3a), the second derivative preprocessing was found to be nec-

essary to resolve fluorfentanyl's sharp, highly overlapped and low

intensity features within a crowded fingerprint region.34 The feature

importance inherent to the RF model, as calculated by the Gini index,

revealed that the most important features align with strong features

in the library fluorofentanyl spectrum in Figure 3b. Again, to simplify

the model, a subset of these features was used to achieve similar, and

in some cases, greater performance, than using the entire spectrum.

This is shown in Figure 3c. n = 20 features were chosen and that

F IGURE 1 (a) Matrix representing combinations of hyperparameters and spectral preprocessing for optimizing performance of the RF model
based on the F1 score. (b) Feature importance calculated within the RF model. Notably, the most important features identified correlate well to
strong features in pure MDA. (c) F1 score on the test set confined to the n most important features as calculated from the base RF model.

F IGURE 2 (a) Confusion matrix for external test set (n = 2128)
using the optimized classification model from Figure 1. (b) Receiver
operating characteristic curve (ROC) for the external test set,
demonstrating the trade-off between true positives rates and false
positive rates. Each point along the graph represents a varied decision
threshold for classification.
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model was used for validation and additional analysis. The resulting

confusion matrix is shown in Figure 4a. The precision and recall of the

model was calculated as 80% and 61%, respectively, for the test set.

The AUROC curve (Figure 4b) was calculated as 0.85, revealing the

greater ambiguity in isolating unique spectral features between

samples with and without fluorofentanyl.

It is well known that spectroscopy-based techniques such as

FTIR and Raman lack sensitivity, yet are attractive for community

drug checking because they are easy-to-use, robust, portable, and

lower-cost. The trade-off of this advantage is a higher limit of

detection and therefore, false negatives are inevitable when low con-

centration components exist in the drug market. There are no formal

acceptance criteria established to indicate whether a model is suit-

able for deployment in the context of community drug checking, and

in other applications it is often stated to be “fit for purpose,”35

acknowledging associated risks of reporting on analytical results with

uncertainty. In general, these classification models are expected to

have high precision (confidence in positive hits if enough spectral evi-

dence is present) but low recall (less confidence in negative hits), as

seen before in drug checking applications.30 For example, manual

FTIR interpretation using spectral matching software has been shown

to result in a similar outcome, where false negatives are far more

prevalent than false positives due to the relatively high limit of detec-

tion of FTIR.14,36,37 During validation, when the MDA model pre-

dicted that MDA was present in a sample, it was correct every time.

However 19% were predicted as false negatives. A similar situation

was found for the detection of fluorofentanyl in opioid samples. In

this case, where the median concentration of fluorofentanyl in the

training set was low (2.1 w/w%), IR spectroscopy approaches its limit

of detection. Fourteen (3%) false positive predictions were made

using the optimized model, however, fluorofentanyl was correctly

detected in only about half of the positive test cases. The ROC

curves shown in Figure 2b and Figure 5b demonstrate that, if one is

willing to accept an increased risk of false positives as a trade-off

for improved true positive detection, such a compromise can be

considered.

F IGURE 3 (a) Matrix representing combinations of hyperparameters and spectral preprocessing for optimizing performance of the RF model.
The metric considered is the F1 score. (b) Feature importance calculated within the RF model. The few important features found correlate well to
strong features in pure fluorofentanyl. Notably, many strong features of fluorofentanyl have minimal importance for the prediction. (c) F1 score
on the test set for n most important features as calculated from the base RF model.

F IGURE 4 (a) Confusion matrix for external test set (n = 644).
(b) ROC curve (receiver operating characteristic curve) demonstrating
the trade-off between true positives rates and false positive rates.
Each point on the graph represents a varied decision threshold for
classification.
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It is noted that in the dataset presented here, as in most drug

checking datasets, the populations of the classes are typically small,

significantly unbalanced, and prone to label error as the overall com-

position is rarely known with absolute certainty. Determining what a

suitable dataset is to begin the pursuit of ML does not have a straight-

forward answer. This depends on the problem at hand, the quality and

complexity of the data, and the algorithm of choice.38 RF classification

was explored in this application because it minimizes overfitting due

to its iterative bagging and voting,39 performs an implicit feature

selection by only using features that are most influential on reducing

classification error,40 and therefore is well suited to real-world data-

sets with some degree of label error.39,40 Variations of the original RF

model, such as balanced RF, were also used to overcome some limita-

tions with an extremely imbalanced training set.39 The initial model

optimization, evaluation of performance, and interrogation of the rele-

vance of features learned by the model are important steps in deter-

mining the suitability of a drug checking dataset for ML. Metrics such

as precision and recall will guide whether a particular dataset is suit-

able however could possibly be further improved by using more train-

ing data, addressing label errors, data augmentation, data fusion or

exploring complex neural network architectures. Eventually, for many

target compounds, the error will be mostly attributed to the fact that

both the training and test sets, and future samples received at the

drug checking service, will contain drugs that are present below the

limit of detection. Recognizing these limitations is important when

considering the expansion of ML models for a range of compounds.

3.2 | Generating model explanations

Three “unknown” spectra from the test set for the classification of

MDA are shown in Figure 5a–c to demonstrate the outputs from

SHAP and KNN. First, the SHAP values were calculated for each test

instance (Figure 5d–f). Second, KNN was used to retrieve factual and

counterfactual explanatory cases (Figure 5g–i). The top four nearest

neighbors from the training set, with known composition, are shown.

Two nearest neighbors are from the positive class (MDA present,

traces shown in red) and two nearest neighbors are from the negative

class (no MDA present, trace shown in blue) with their corresponding

correlation to the query spectrum. Together, these features aim to

explain why a model might have predicted one class vs the other for a

particular unknown sample given the IR absorption data.

The first case represents a mixture of MDMA and MDA, where

MDMA is the major component, and there is minor contribution to

the overall IR spectrum from MDA. The finalized model predicted the

presence of MDA, with a probability of 100%. This suggests the

F IGURE 5 Various case examples using a combination of SHAP and KNN to aid in summarizing the RF classification results. Each column
represents a different test case, with the “unknown” query spectrum shown in black (a–c). SHAP values of features that are found to contribute
to a positive prediction are shown in red, and those that contribute to a negative prediction are shown in blue (d–f). Nearest neighbors traces that
have MDA present are shown in red, and traces that do not have MDA present are shown in blue (g–i).
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model is highly confident in the prediction, and the SHAP values draw

attention to the features in the query spectrum that most contributed

to the higher confidence (red) and features that possibly did not align

with the presence of MDA (blue). As a feature of XAI, this prediction

is supported by the observation that intensity in these regions directly

corresponds to MDA vibrational modes. The four nearest neighbors

demonstrate that both samples with MDA (+) and without MDA (�)

in the database have a very high correlation with the query spectrum

(Pearson's correlation 0.99). With these nearest neighbors and SHAP

values together, technicians may try to extract evidence that the

query spectrum does in fact have features consistent with the pres-

ence of MDA.

The second case is a mixture of MDA and dimethylsulfone. The

model incorrectly predicted that there is no MDA present, where the

prediction probability of 55% suggests uncertainty about the presence

or absence of MDA. The SHAP values reveal that there are some fea-

tures that do support the presence of MDA, however it was not sig-

nificant enough to result in a positive detection. The four nearest

neighbors reveal that the positive nearest neighbors, both which are

samples with MDA and dimethylsulfone, have much higher correlation

with the query spectrum (0.96) than the nearest neighbors from the

negative class (0.82–0.88). Upon further inspection, there are in fact

features consistent with the presence of MDA in our query spectrum

and may disagree with the model here. This brings attention to the

fact that perhaps this drug combination is less frequent and was not

well represented in the training.

The final case is a mixture that includes fentanyl, benzocaine

and etizolam. The model predicted that there was no MDA in this

sample, with a prediction probability of 100%. The SHAP values

reveal that almost no features of the query spectrum contributed to

a positive prediction and highlights features that strongly suggest

the absence of MDA. The nearest neighbors from the negative class

have very high correlation to the query spectrum, further instilling

confidence in this prediction. The nearest neighbors from the posi-

tive class have very poor correlation scores (0.61) in contrast to

what was observed in the two previous examples (Figure 5g,h).

Here there were no MDA positive nearest neighbors with a similar

IR spectrum, further supporting that MDA in such a drug mixture

was unlikely.

The same two methods for facilitating model explanations

described in the previous examples were explored for fluorofentanyl

classification. In this case, however, there were additional challenges

because (1) the final model had poorer performance as a result of

the low concentrations of fluorofentanyl and higher complexity of

opioid drug mixtures, and subsequently, (2) greater spectral manipu-

lation was required for optimal separation between the two classes

(second derivative) and therefore less intuitive to use for visualizing

spectral features. However, since the presence of fluorofentanyl

was mostly determined from sharp features in the fingerprint region,

there is a benefit from having to visualize and investigate fewer

(n = 20) features. The implementation was demonstrated using a

sample that contains fentanyl, fluorofentanyl, caffeine, and mannitol

(Figure 6). Here, the fluorofentanyl model correctly predicted the

presence of fluorofentanyl with a probability of 90%. Again, the

positive SHAP features highlight areas that have contributed to this

prediction (red), and features that, according to the trained model,

countered this prediction (blue). The features that contributed to

the prediction of fluorofentanyl align with characteristic modes from

a pure fluorofentanyl spectrum. Figure 6d overlays the positive and

negative nearest neighbors, both of which look very similar to the

query spectrum. This implies that the features attributed to fluoro-

fentanyl are expected to be subtle relative to features arising from

other substance within the mixtures. The most influential region is

highlighted on the inset, displayed both with simple min-max

normalization and the second derivative preprocessing that was

used in model training. This highlights that evidence of fluorofenta-

nyl, though subtle, is present in the query spectrum. In this case, a

technician may decide to trust the model prediction based on such

evidence.

F IGURE 6 Example of a test sample spectrum (a) and explainable
AI framework to build adequate trust in the model prediction.
(b) SHAP values highlight the spectral regions of interest contributing
to the prediction. The (c) library spectrum of fluorofentanyl and (d) the
spectra of the 4 nearest neighbors are overlaid for reference. The
inset in (d) combines both the k nearest neighbors from the positive
class (red traces) and negative class (blue traces) and feature
highlighting from SHAP in combination with the spectral library of
fluorofentanyl to present visual evidence that features consistent
with fluorofentanyl exist in the query spectrum (black).
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3.3 | Practical application in harm reduction

In general, implementation of XAI facilitates knowledge production in

a way that black-box ML models cannot.42 It is known that curiosity

about drug checking technologies, discussion around drug market

trends and expectations, and integrating the personal experience of

people is essential to guide drug analysis.16,17,43 Automating FTIR-

based drug checking ultimately aims to extend its reach, particularly

to smaller communities and regions lacking public health and harm

reduction mandates that may not have the resources to train a

technician. One of the main goals of this work was to implement a

framework to build adequate trust in an automated model and its pre-

dictions. The explanation produced should help present evidence and

trust when in fact the prediction is correct, and hesitancy when it is

incorrect. Previous studies in explainable AI have found that feature

highlighting, as well as presenting explanatory factual and counterfac-

tual cases (as we have done in our various test samples shown in

Figure 5 and Figure 6), has assisted users in detecting errors while

increasing their understanding of the model itself.44 This implementa-

tion will also contribute to ongoing method re-validation, as the drug

supply continues to change. Such potential was demonstrated when

the MDA model incorrectly predicted that no MDA was present in an

MDA–dimethylsulfone sample.

While ML offers a means to standardize the analysis of IR spectra,

harm reduction messaging relies on people who can take those

results, assess their validity and provide context in their interpretation.

It is always important to consider how incorrect and inconsistent

drug checking information might impact interpersonal relationships

between the consumer, manufacturer, and distributor of illicit

drugs.17,45,46 Moreover, false positives and negatives affect trust in

the service and perceptions of the utility of drug checking.47–49 This

could impact overall engagement with drug checking services, as

PWUD often report navigating health and social support services that

are stigmatizing, not culturally safe, and not relevant for their

needs.50,51 Ultimately, the optimization and evaluation of ML classifi-

cation models when used in combination with XAI is poised to even

better facilitate a reliable analysis and tailored discussion with service

users around their drug checking results.

4 | CONCLUSIONS

Automation has the potential to improve the speed and consistency

of drug checking, offering less reliance on technician experience. This

work has examined the results of classification models for MDA and

fluorofentanyl. In this process, explainable AI was integrated using

feature importance via SHAP values and a KNN model to retrieve

related/explanatory cases from the training data. The integration of

XAI methods provides a level of transparency that facilities

continuous knowledge production and engagement of technicians and

community members. Such methods will help to bridge the gap

between the current role of a drug checking technician and the

pursuit of ML methods for drug checking.
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